$53% 412 ] #AHAE Vol53  No.12
2024 4 12 J THERMAL POWER GENERATION Dec. 2024

DOI:10.19666/j.rlfd.202404084

AT EQBELPBOLLARREL %
43 40 &, i 7 T

ATH, £ M, 8 =, OH

(RRHHKFEEAFE 45, #dk XX 430081)

i BN ZARRBRAGNTEALS T ABAERGHE L, Bl —F AT T oA 5 (variational
mode decomposition, VMD) . Prophet ##&! . K4grfitic (long-and short-term memory
network, LSTM) #v 22 K 2. £ 5 A =1 J2 4 5 -F ¥ (autoregressive integrated moving average,
ARIMA) # %149 Prophet-VAL A& TRMAR A, B T2 R R A48 E QTN B %,
@i VMD FRIR R ¥ SR R s A 69 QAT AMER S HK; HE, RBIREMY
KB RR RS 52 5 sk M AR 552, FH4& F Prophet #2804 & 905 2 847 8 5
HAEARIL; RJG, BT ARIMA FURIAR A 3SR 5 F 2E A7 TN, A% Bl LSTM A% 22 | 25 4% A
Xt @ R HATIAM, B B AT 25 R AT B AnfF B KA L R AN R, KPR
ERRTRRESRR R, FIRAPISAER, PT4R S 6985 TN AL A FM M Ak B AT .

(X # A] KERRA%L: ANl EoRESM; LSTM A4 M2 ; Prophet #24)

[BIAARIEN ] 7 T4, &4k, #7E, F ATESBRISMOESRREAEHNE AAFM[I]. KA KE, 2024, 53(12):
21-28.  SU Ziyue, CHAI Lin, XIE Liang, et al. Short-term electrical load forecasting for integrated energy system based on
variational mode decomposition[J]. Thermal Power Generation, 2024, 53(12): 21-28.

Short-term electrical load forecasting for integrated energy system based on
variational mode decomposition

SU Ziyue, CHAI Lin, XIE Liang, XIAO Fan

(School of Information Science and Engineering, Wuhan University of Science and Technology, Wuhan 430081, China)

Abstract: Aiming at the characteristics of complex and variable load and strong coupling of integrated energy
system, a combined forecasting model based on variational mode decomposition (VMD), Prophet model, long-
and short-term memory network (LSTM) and autoregressive integrated moving average (ARIMA) model is
proposed for short-term electrical load prediction. Firstly, the electric load eigen mode functions with different
center frequencies and relatively stable ones are obtained by VMD. Then, after calculating the value of zero cross
rate, the modal components of each group are superimposed respectively to form the high-frequency and
low-frequency timing components, and the Prophet model is used to extract the high-frequency components for
timing features. Finally, the ARIMA prediction model is used to predict the low frequency component, and the
LSTM neural network model is applied to predict the high frequency component. The final predicted electric load
is obtained by superimposing the respective prediction results. The proposed method is applied to the actual
integrated energy system, and the example analysis shows that the combined forecasting method presented above
has good forecasting performance for the integrated energy system
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Fig.1 Structural diagram of the LSTM network
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Tab.1 Correlation analysis results of electric load of the IES
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Fig.2 Prediction process of the VMD-ARIMA-LSTM model
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Fig.3 The measured data of electrical load series
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Tab.2 The center frequency according to different K values

U LV
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Fig.4 Decomposition results of the electrical load
variational mode
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Fig.5 Comparison of ablation experiment results
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Tab.3 Comparison of ablation experiment errors

reit] omape 1% Ormse/lkW R? H?}E/!J%S
ARIMA 27.63 554.42 0.74 63.2
LSTM 17.82 325.14 0.88 34.6
VMD-ARIMA 21.45 437.62 0.79 54.1
VMD-LSTM 14.97 221.74 0.91 28.6
VMD-ARIMA-LSTM 7.71 169.57 0.95 25.7
Prophet-VAL 4.85 136.74 0.98 229
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Fig.6 Prediction results of different models
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GRA-LSTM 8.45 177.49 0.92 22.6
PSR-BILSTM 7.97 167.52 0.95 24.4
ALIF-LSTM 7.76 173.57 0.93 23.6
Prophet-VAL 4.85 136.74 0.98 229
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